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Abstract. Pectoral muscle segmentation is a crucial step in various computer-
aided applications of breast Magnetic Resonance Imaging (MRI). Due to imag-
ing artifact and homogeneity between the pectoral and breast regions, the pectoral
muscle boundary estimation is not a trivial task. In this paper, a fully automatic
segmentation method based on deep learning is proposed for accurate delineation
of the pectoral muscle boundary in axial breast MR images. The proposed method
involves two main steps: pectoral muscle segmentation and boundary estimation.
For pectoral muscle segmentation, a model based on the U-Net architecture is
used to segment the pectoral muscle from the input image. Next, the pectoral
muscle boundary is estimated through candidate points detection and contour
segmentation. The proposed method was evaluated quantitatively with two real-
world datasets, our own private dataset, and a publicly available dataset. The first
dataset includes 12 patients breast MR images and the second dataset consists of
80 patients breast MR images. The proposed method achieved a Dice score of
95% in the first dataset and 89% in the second dataset. The high segmentation
performance of the proposed method when evaluated on large scale quantitative
breast MR images confirms its potential applicability in future breast cancer clin-
ical applications.

1 Introduction

Several studies in the literature have established the potential of patient specific biome-
chanical models in computing deformation of the female breast under different load-
ing conditions, predicting outcomes of reconstructive surgeries of female breast, and
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serving as a surgical tool for image-guided lesion detection [1,2,3]. The basis of the
biomechanical model is a patient-specific 3D geometry of the female breast that is often
reconstructed from in vivo medical imaging procedures such as Magnetic Resonance
Imaging (MRI). This requires segmentation of MR images to construct the 3D geome-
try of the female breast that is located between the front surface of the breast skin and
the posterior boundary of the pectoral muscle that serves as the boundary between the
breast and the rest of the body as shown in Fig. 1.

(a) (b) (c)

Fig. 1: Examples of breast MR images and the corresponding pectoral muscle bound-
aries.

Different techniques have been reported in the literature for the segmentation of the
pectoral muscle and estimating its boundary [4,5,6]. Image thresholding is one of the
most prominent approaches for pectoral muscle segmentation. Czaplicka et al. [7] ap-
plied an iterative Otsu’s thresholding procedure with specific criteria to find the pectoral
region. Mustra et al. [8] employed thresholding with image enhancement followed by
polynomial curvature estimation to detect the pectoral muscle boundary. Twellmann et
al. [9] used a combination of contrast enhancement, median filter, and Otsu’s thresh-
olding to extract the pectoral muscle region. The pectoral and the breast regions usually
have similar image intensities, making the thresholding methods a less ideal candidate
for pectoral muscle segmentation.

Gradient-based techniques are the alternative approaches for segmentation of the
pectoral muscle. These methods incorporate the gradient information to estimate the
boundary of the pectoral muscle. Giannini et al. [10] developed a method for detection
of the upper border of the pectoral muscle using the gradient information. Chakraborty
et al. [11] exploited the gradient information with curve smoothing to approximate the
pectoral muscle boundary. Ferrari et al. [12] employed Gabor filters to capture pectoral
muscle edges within limited orientations and computed the magnitude and phase im-
ages from each of the Gabor filter responses through a vector-summation procedure.
The resulting image was used to estimate the initial pectoral boundary by Sobel edge
detection. Despite all the improvements introduced by gradient-based methods, they
may still experience difficulties with the segmentation of low image contrast and dense
breasts.
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Line fitting is another group of methods that have been applied for the estimation
of the pectoral muscle boundary. Kwok et al. [13] proposed a method that uses line
fitting to highlight the pectoral muscle boundary. The estimated straight line is then
refined through an iterative cliff detection [14] to estimate the actual boundary. Karsse-
meijer [15] combined the global thresholding and gradient information to extract the
pectoral muscle region. The method utilizes Hough transform on the gradient image to
represent the pectoral muscle boundary. Yam et al. [16], combined Hough transform
with a dynamic programming method to approximate the pectoral muscle boundary.
Nie et al. [17] proposed a method based on the B-spline curve fitting to extract and
remove the pectoral muscle from the breast region. The approaches based on line fitting
strongly rely on the linearity assumption of the pectoral muscle boundary, and therefore
they run into difficulties when estimating the curved boundary regions of the pectoral
muscle.

Atlas-based segmentation a commonly used method in medical image analysis has
been also employed for the segmentation of the pectoral muscles [18]. To perform the
segmentation, these methods use prior information such as shape, size, and orientation
of the object. A specific model (atlas) is constructed from the prelabeled images [19].
Using an image registration technique, a coordinate mapping between an image and an
atlas is computed. The end segmentation results are obtained by fusing the most similar
atlases. Gubern et al. [5] developed a probabilistic atlas in a Bayesian framework for
breast segmentation. Khalvati et al. [20] employed a multi-atlas segmentation algorithm
that is robust to intensity variations using phase congruency maps. Fooladivanda et
al. [21] introduced an atlas segmentation algorithm that uses both the pectoral muscle
and the chest region. Accurate image registration and computation complexity limit the
efficiency of the atlas-based methods for segmentation of the pectoral muscle.

Although the aforementioned segmentation techniques have been shown to provide
satisfactory results for the segmentation of the pectoral muscle, their performance is
not optimal and comes with certain limitations due to their implicit assumptions. The
intensity operation-based methods (thresholding and gradient) requires accurate delin-
eation between the pectoral muscle and the breast tissue. These methods do not work
when the pectoral and the breast regions are homogeneous. Line fitting-based methods
make a specific assumption about the linearity of the pectoral muscle, so, they fail to
work on pectoral muscle with a curved shape. Atlas-based methods require an accurate
registration algorithm and are not sufficient to provide accurate results for a wide range
of datasets. In order to overcome the aforementioned challenges in pectoral muscle seg-
mentation, a deep learning-based segmentation method is introduced in this paper that
provides a more general solution for pectoral muscle segmentation in breast MR axial
images.

This work makes two main contributions to the study of breast MR image segmen-
tation. The first contribution of this work is the annotation of the pectoral muscles on
MR images. To the extent of our knowledge, there is not any publicly available human-
annotated dataset of the pectorals muscle on breast MR axial images. To this end, we
first annotated 1100 images of 92 subjects from two different sources, 80 subjects from
The Cancer Imaging Archive (TCIA) [22,23] and 12 subjects from our own private
dataset, to construct a dataset for pectoral muscle segmentation. The TCIA annotation
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is publicly available at [24]. The second contribution is a segmentation method based on
convolutional neural networks. The segmentation is formulated as a semantic segmen-
tation task in which each pixel in the image is assigned to an object class, the pectoral
muscle, and the background, and is implemented based on the well-known U-Net ar-
chitecture [25].

After segmentation, the pectoral muscle boundary is estimated through candidate
points detection and contour segmentation. Moreover, validation of existing methods
is usually limited to their small private dataset of breast MRI. This work presents the
first effort to expand the validation to include datasets of MR images of 92 different
subjects.

2 Proposed Method

The proposed method automatically estimates the pectoral muscle boundary from MR
axial images in two steps. First, the region of interest (ROI) i.e., pectoral muscle, is ex-
tracted from the image through a deep learning framework. Second, the pectoral muscle
boundary is identified by finding the candidate points and segmenting the boundary.

Pectoral muscle segmentation: Due to heterogeneous tissues densities, neighbor-
hood complexities and breast shape variability, segmentation of the pectoral muscle is
a challenging task. In this work, pectoral muscle segmentation is formulated as a pixel
classification problem that is performed by a convolutional encoding-decoding frame-
work. In particular, it is implemented by the U-Net architecture proposed in [25]. The
U-Net (see Fig. 2) contains several layers of convolutional encoders and decoders, fol-
lowed by the final pixelwise classification layer. Each encoder layer is composed of
duplicated 3x3 convolution operations followed by a rectified linear unit (ReLU). Fol-
lowing that, the encoder layers downsample the feature maps using a 2x2 max pooling
operation with stride 2. To avoid loss of spatial information during downsampling, the
encoder feature maps are up-sampled and summed to the corresponding decoder feature
maps and passed to the next layer after rectification in the decoder layers. To reduce the
complexity and dimensionality of feature maps, the bottleneck is built from 2 convolu-
tional layers between the encoder and decoder paths. The final layer is 1x1 convolution
to map each feature vector to the desired classes. To classify each pixel and to ensure
that all predicted pixels are in the range [0, 1] the sigmoid activation function is ap-
plied at the output layer. The loss function for training the network is based on the Dice
coefficient [26]. Given the prediction Op and the ground truth Og the Dice Similarity
Coefficient (DSC) measures the similarity as follows:

DSC =
2|Op ∩Og|
|Op|+ |Og|

. (1)

The higher the DSC value, the greater the similarity. Since the training aims to minimize
the loss function, we instead used the negative dice coefficient (-DSC).

Pectoral muscle boundary estimation: Once the pectoral muscle is segmented and
its boundary is obtained by the Canny edge detection, the minimum and maximum
points are identified along with the X coordinates of the pectoral muscle boundary.
These points divide the boundary into two segments, upper and lower, as shown in
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Fig. 2: U-Net architecture.

Fig. 3(b). The pectoral muscle boundary points can be found by probing the Y coor-
dinate values of the boundary points. The pectoral muscle boundary of interest is the
boundary segments with the lower average Y values.

(a) (b) (c)

Fig. 3: Proposed method workflow:(a) Original image; (b) Segmented pectoral muscle;
(c) Estimated pectoral muscle boundary.

3 Experiments

3.1 Data

The experiments were carried out on the breast MR images obtained from two sources:
The University of Texas MD Anderson Cancer Center: MR images were col-

lected and deidentified for patients who provided informed consent in accordance with
the institutional review board-approved protocol (2015-1117). This dataset contains the
T1-Weighted MR images of 12 female patients, each of 512x512 pixels. The images
were acquired on different GE Medical systems including Signa HDxt, Discovery MR
450 and Discovery MR750w with TR/TE ≈ 5.3/2.1 ms and bandwidth per pixel fixed
at 244.1 HZ (T1-Weighted). In total 780 images, were annotated from this dataset for
training purpose.

The Cancer Imaging Archive (TCIA): Publicly available MR image datasets were
obtained from the TCIA website [23]. This dataset contains the T2-Weighted MR im-
ages of 80 patients. The images were acquired using Phillips Achieva 1.5 T with TR/TE



6 Zafari et al.

≈ 4000/120 ms and bandwidth per pixel in the range 146-245 HZ (T2-Weighted). In
total 320 images, 4 from each subject, were annotated from this dataset for testing pur-
poses only.

The in-plane pixel resolution for the complete datasets varies between 0.48 mm and
0.71 mm and the slice thickness between 1.8 mm and 2.2 mm. The weight of subjects
varies from 50 to 140 kg with mean value of 80 kg. To generate the binary mask and to
annotate the images the Liablabel tool [27] was used. It is a polygon annotation tool that
allows the user to specify semantic classes and to export these polygon files to semantic
and instance label maps. This information was further used to generate the ground truth
pectoral muscle boundary. A sample image and the corresponding annotation of the
pectoral muscle is shown Fig. 4.

(a) (b)

Fig. 4: An example of image and annotation mask: (a) Original image; (b) Annotation
mask.

3.2 Training

We trained and evaluated our network on 780 images of the MD Anderson dataset. The
training images were zero-centered and normalized to unit variance. The network was
trained for 50 epochs using the Adam optimization algorithm with a fixed initial rate of
1e-4 and a mini-batch size of 16 patches in Keras.

3.3 Performance Metrics

To evaluate the performance of the proposed segmentation method, the following met-
rics were used:

Recall =
TP

TP + FN
, (2)

Precision =
TP

TP + FP
, (3)

F-measure =
2 · (Recall ·Precision)
(Recall + Precision)

, (4)
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where true positive (TP) is the number of pixels correctly segmented as pectoral mus-
cle, false positive (FP) is the number of pixels falsely segmented as pectoral muscle, and
false negative (FN) is the number of pixels falsely detected as background. To quantita-
tively validate the segmentation results, the Dice similarity coefficient defined in Eq. 1
was also used. DSC was chosen since it interprets the similarity by the ratio of overlap
between the ground truth pectoral muscle and the segmented pectoral muscle.

To precisely evaluate the performance of automated pectoral muscle boundary de-
tection, the average distance (AD) between the detected boundary points and their cor-
responding closest points on the ground truth boundary was measured and used as the
boundary estimation performance metric.

3.4 Results

The proposed segmentation method was applied to estimate the pectoral muscle bound-
ary in both the MD Anderson and the TCIA datasets.

To ensure the robustness and accuracy of the method, we performed 10-fold cross-
validation where the best performing model was recorded on each epoch.

The results of 10-fold cross validation for the pectoral muscle segmentation applied
to the MD Anderson dataset is presented in Table 1. The results show that the proposed
method achieved a Dice score of 95%, precision of 94%, recall of 96%, and F-measure
of 95%.

We further evaluated the generality of the proposed method by applying it to the
TCIA dataset. As it can bee seen from Table 2, the proposed method achieved a Dice
score of 89%, precision of 89%, recall of 90%, and F-measure of 89%.

From Tables 1 and 2, it can be seen that the average distance between the ground
truth boundary and the segmented boundary was 0.01 pixel in the MD Anderson dataset
and 0.05 pixel in the TCIA dataset. This confirms the high efficiency of the proposed
method in estimation of the pectoral muscle boundary.

Figs. 5 and 6 demonstrate the results of the pectoral muscle boundary detection
applied to six subjects from the MD Anderson and the TCIA datasets respectively. As
it can be seen, the proposed method detects the pectoral boundaries in the both datasets
accurately.

Fig. 7 represents an example of a 3D point cloud and its corresponding 3D surface
constructed using the segmented boundary of the pectoral muscle of 256 slices of MR
images of one subject. The 3D surface is constructed using the commercial software
SOLIDWORKS.

Table 1: Average performance via 10-fold cross-validation on the MD Anderson dataset.

Dataset
Recall Precision F-measure DSC AD

[%] [%] [%] [%] [pixel]

MD Anderson 96± 0.003 94± 0.001 95± 0.002 95± 0.002 0.01±0.03
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(a) (b) (c) (d)

Fig. 5: Exemplar pectoral muscle boundary estimation results for six different subjects
in the MD Anderson dataset having different ranges of size, shape, and weight. Each
row represent the results for one subject: (a) Upper breast; (b) Superior upper breast;
(c) Middle breast; (d) Lower breast.
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(a) (b) (c) (d)

Fig. 6: Exemplar pectoral muscle boundary estimation results for six different subjects
in the TCIA dataset having different ranges of size, shape, and weight. Each row repre-
sent the results for one subject: (a) Upper breast; (b) Superior upper breast; (c) Middle
breast; (d) Lower breast.
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Table 2: Performance of the proposed method on the TCIA dataset when trained on the
MD Anderson dataset.

Dataset
Recall Precision F-measure DSC AD

[%] [%] [%] [%] [pixel]

TCIA 90± 0.01 89± 0.01 89± 0.01 89± 0.04 0.05± 0.03

(a) (b)

Fig. 7: A representative example of a 3D model constructed using the segmented bound-
ary of the pectoral muscle: a) Point cloud; (b) The corresponding 3D surface.

4 Conclusions

This paper presents a novel method for automated segmentation and boundary delin-
eation of the pectoral muscle in breast MR images. The proposed method consists
of two steps: the pectoral muscle segmentation to segment the pectoral muscle re-
gion from the image and the pectoral muscle boundary estimation to detect the actual
pectoral muscle boundary. The pectoral muscle segmentation was performed using the
well known U-Net deep encoder-decoder framework. The boundary estimation was per-
formed by detecting candidate points and contour segmentation. The proposed method
was extensively evaluated on a large and challenging dataset and was shown to achieve
a high segmentation accuracy.
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